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Study  region:  The  Pearl  River,  located  in  the  south  of China,  is the
second  largest  river  in  China  in  terms  of  streamﬂow.
Study  focus:  The  study  aims to assess  the  impact  of  climate  change
on  seasonal  discharge  and extreme  ﬂows.  For  the  assessment  we
use  the  variable  inﬁltration  capacity  (VIC)  model  driven  by  bias-
corrected results  of ﬁve  different  climate  models  under  the  IPCC
scenarios  RCP4.5  and  8.5.
New  hydrological  insights  for the  region:  Previous  studies
focussed  on annual  discharge  and extreme  ﬂood  events  in the  basin.
However  it is  also important  to assess  variations  in  low  ﬂow  across
the basin,  because  it is  suffering  from  water shortage  and  salt  water
intrusion  in  the  dry season.  Results  indicate  a reduction  in  average
low  ﬂow  under  the  ﬁve  climate  models.  The  reduction  varies  across
the  basin  and  is  between  6 and  48%  for  RCP4.5.  River  discharge  in the
dry  season  is  projected  to  decrease  throughout  the  basin.  In the  wet
season,  river  discharge  tends  to increase  in the  middle  and  lower
reaches  and  decrease  in the  upper  reach  of  the  Pearl  River  basin.
The variation  of  river  discharge  is likely  to  aggravate  water  stress.
Especially  the  reduction  of  low  ﬂow  is  problematic  as  already  now
the  basin  experiences  temporary  water  shortages  in  the  delta.
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1. Introduction
Global warming due to increasing concentration of greenhouse gases is likely to have a signiﬁ-
cant impact on precipitation, run-off processes and water resources (Arnell and Reynard, 1996; Cuo
et al., 2015; Haddeland et al., 2012; Pervez and Henebry, 2015; Zhang et al., 2010). This raises the
question whether climate change is a threat to human water security or not. Previous studies have
shown that simulated climate change impacts vary substantially depending on climate model and
emission scenarios used (Arnell, 1999; Bronstert, 2004; Bronstert et al., 2002; Hurkmans et al., 2008;
Montenegro and Ragab, 2010; Wang et al., 2008; Wentz et al., 2007). However, most of them focused
on shifts in the timing of hydrological regimes where runoff is dominated by snow melt (e.g. Adam
et al., 2007; Arnell and Gosling, 2013; Hurkmans et al., 2010) or long-term mean annual streamﬂow
and water availability (e.g. Christensen et al., 2004; Kling et al., 2014). Few studies have reported if
climate change can alter the risk of hydrological extremes at regional scales (Lehner et al., 2006) even
though developed basins with a dense population are highly vulnerable to hydrological extremes.
The Pearl River in southern China is the second largest river in China in terms of streamﬂow. Since
the late 1970s, the Pearl River basin plays an important role in Chinese economic development. The
delta in particular has become one of the leading economic regions and a major manufacturing center
of China. In about 0.4% of China’s land territory, the delta produces about 20% of the national GDP, and
attracts 40% of foreign investment (Chen et al., 2010). The Pearl River is inﬂuenced by a subtropical
monsoon climate. About 80% of the streamﬂow occurs during the monsoon season from April to
September, with peak ﬂows during May  and July (PRWRC, 2010). Due to highly uneven spatial and
temporal distribution of ﬂows, there are frequent ﬂoods and droughts in the basin. The extreme events
have caused large life and property losses (Zhang et al., 2009, 2012). In addition, the increasing water
demand in combination with low water availability in the dry season is causing increased seasonal
water shortages (Zhu et al., 2002). Reduced ﬂows in the dry season, in combination with seas level rise
have resulted in increasing salt water intrusion in the delta. This increased salinity poses a potential
threat to water supply and freshwater ecosystems. Seasonal variation in river discharge is a key factor
determining salt intrusion in the delta (Gong et al., 2013). Salt water intrusion could further increase
in the future if low ﬂows continue to reduce. Therefore it is important to assess the impact of future
climate change on river discharge.
Several previous studies have estimated hydrological changes over the Pearl River basin, among
which a large number of studies focused on the hydrological models used and the calibration process
(Deng et al., 2009; Li et al., 2012; Liao et al., 2013; Lin et al., 2013; Lv et al., 2014). Only few studies
have evaluated impact of climate change on river discharge and even less tried to look further into
the future (Jiang et al., 2007). In terms of future climate change, some studies preferred hypothetical
climate change scenarios (Jiang et al., 2007; Li et al., 2011). Few studies used the output of GCMs to
force the hydrological models in the Pearl River basin (Liu et al., 2012; Wu  et al., 2014; Xiao et al.,
2013). However, more attention was paid to annual discharge and extreme ﬂood events (Wu et al.,
2014). For a basin which is suffering from water shortage and salt water intrusion in the dry seasons,
it is in particular important to assess variations in low ﬂow over the basin. Unlike the previous studies,
the impacts of future climate change on both high and low ﬂows have been evaluated in this paper.
Two types of hydrological models have been used in the basin: (1) catchment-based models that
only consider water balances (e.g. Jiang et al., 2007; Lin et al., 2013; Wang and Xia, 2004; Xiong
and Guo, 1999; Yang and Xu, 2011). These catchment-based models run at a basin scale, and have
a good representation of lateral transfers but are weaker in energy and carbon linkages. (2) Non-
calibrated global hydrological models with a coarse resolution (e.g. Deng et al., 2009; Guo et al., 2002;
Li et al., 2012; Niu and Chen, 2009). Both of these model types have their limitations in assessing the
hydrological regime of the Pearl River.
The variable inﬁltration capacity (VIC) model is a macro-scale hydrologic model originally devel-
oped by Liang et al. (1994). It has been successfully applied in estimating climate change impacts
on hydrological process at different spatial and temporal scales. For example, Christensen and
Lettenmaier (2007) used the VIC model to assess the sensitivity of the reservoir system (ﬂood con-
trol, water supply, and hydropower, etc.) to projected climate change in the Colorado River basin.
Hurkmans et al. (2008) employed the VIC model, forced by three high-resolution climate scenarios, to
230 D. Yan et al. / Journal of Hydrology: Regional Studies 4 (2015) 228–245
examine changes in streamﬂow of the Rhine River. Vicuna et al. (2007) used a set of downscaled GCM
outputs to force the VIC model to study the impact of climate change on California’s major managed
water resources systems. van Vliet et al. (2013) used a global physically based hydrological-water
temperature modeling framework including VIC and streamﬂow temperature model (RBM) to assess
the impact of climate change on global river ﬂows and river water temperatures under SRES A2 and
B1 emissions scenarios. The above applications show that the VIC model is capable of estimating
variations in river discharge under future climate change. Therefore we used the variable inﬁltration
capacity (VIC) Model in this study.
The objective of this study is to assess the impact of climate change on water availability and
hydrological extremes in the Pearl River basin. To do this we used the VIC Model forced by bias cor-
rected climate model output using the new IPCC scenarios RCP 4.5 and 8.5. The model simulations
were used to quantify run-off, seasonal variations in river discharge, and characterize the sensitivity
of hydrological extremes to climate change.
2. Study area and data selection
2.1. Study area
The Pearl River is the third largest river in China in terms of drainage area (Fig. 1). The drainage area
is 4.54 × 105 km2 of which 4.42 × 105 km2 is located in China (PRWRC, 2005; Zhang et al., 2009). The
Pearl River is composed of three major rivers: Xijiang, Beijiang, and Dongjiang. The largest is Xijiang
which is 2075 km long and has a drainage area accounting for 78% of the entire Pearl River basin. The
Pearl River basin is situated at subtropical monsoon zone. The annual average temperature is between
14 and 22 ◦C, and the annual average precipitation ranges from 1200 to 2200 mm.
2.2. Data and model selection
We  prepared different datasets, including elevation band ﬁle, vegetation ﬁle, soil ﬁle, and meteo-
rological forcing ﬁle as input data for our hydrological simulation in the VIC model. The elevation and
land cover classiﬁcation are described in Nijssen et al. (2001). The DDM30 routing network for routing
the runoff were obtained from Döll and Lehner (2002).
VIC uses eight meteorological variables including precipitation, minimum and maximum tem-
perature (Tmin and Tmax), wind speed, incoming shortwave (radiation) radiation, incoming longwave
Fig. 1. The location of the Pearl River basin.
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Fig. 2. The average monthly precipitation and temperature of selected stations for the period 1979–2001.
(thermal infrared) radiation, atmospheric pressure and speciﬁc pressure as input variables. The
observed data obtained from the China Meteorological Data Sharing Service System have only four
variables: precipitation, Tmin, Tmax and wind speed. Hence a substitute dataset is needed. The WATCH
Forcing Data (WFD) (1958–2001) and WATCH Forcing Data ERA Interim (WFDEI) (1979–2012) were
selected because they were created particularly for the purpose of driving land surface models and
hydrological models (Weedon et al., 2011). The WFD  are derived from the ERA-40 reanalysis data via
sequential interpolation to 0.5◦ × 0.5◦ resolution, elevation correction and bias correction based on
monthly observations. The WFDEI are generated using the same methodology as the WFD  (Weedon
et al., 2014). They are mixed products of reanalysis data and observations, and have all the eight param-
eters needed in VIC. If the WFD  and WFDEI match well with the observations, it is more coherent to use
the WFD  and WFDEI because the outputs of the ﬁve GCMs used in the study are bias corrected based
on the WFD. To check the quality of the WFD  and WFDEI, we  compared them against the observations
for twelve randomly selected meteorological stations. Fig. 2 shows the WFD  and WFDEI have good
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Fig. 3. Taylor diagram for precipitation, minimum and maximum of temperature at Guangzhou and Panxian station.
performances for Tmin, Tmax and precipitation. The WFD  and WFDEI show the best and worst perfor-
mance at Guangzhou and Panxian station. Taylor diagrams were used to display the quality of the WFD
and WFDEI at these two stations against the observed data (Fig. 3). The correlations of precipitation,
Tmin and Tmax with observations are above 0.90, the centered root-mean-square (RMS) deviations are
about 0.5, and the standard deviations of all the variables are close to the observed standard deviation
at both changes. Based on this analysis, we conclude that the WFD  and WFDEI products do represent
the observations well, hence we decided to use the WFD  and WFDEI for calibration and validation in
the study.
Future climate change scenarios were prepared using data from the Coupled Model Intercompari-
son Project5 (CMIP5). The CMIP5 projections of climate change are driven by concentration or emission
scenarios consistent with the RCPs (representative concentration pathways) described in Moss et al.
(2010). Pierce et al. (2009) showed that the superiority of the multi-model ensemble average to any
one individual model, already found in global studies, is also true in their regional study, including
measures of variability. They found model skill to asymptote after including approximately 5 differ-
ent models. They also found selecting models based on the quality of their simulation in the region of
interest did not result in systematically different conclusions than those obtained by picking models
randomly. We  decided to select ﬁve GCMs for our study. The selection criteria were (1) use frequency
in model studies for Asia; (2) relative independence and good performance in precipitation and tem-
perature simulation; (3) downscaled data available for use in our hydrological model. The criteria were
assessed from literature (Deng et al., 2013; Ogata et al., 2014; Seth et al., 2013; Sperber et al., 2013; Su
et al., 2013; Wang et al., 2014; Zhou et al., 2014). CNRM-CM5, HadGEM2-ES, IPSL-CM5A-LR, and MPI-
ESM-LR were found to be the most commonly used models in climate change and hydrologic studies
over Asia (Table 1). According to the family tree for projected climate change under future scenarios
constructed by Knutti et al. (2013), CNRM-CM5, HadGEM2-ES, IPSL-CM5A-LR, and MPI-ESM-LR are
relatively independent models. Wang and Chen (2014) have investigated the performance of GCMs in
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Table 1
Detailed information of the ﬁve selected GCMs.
GCM Model Resolution Source
1 CNRM-CM5 256 × 128 Centre National de Recherches Meteorologiques
2  EC-EARTH 320 × 160 Royal Netherlands Meteorological Institute, De Bilt, The Netherlands
3  HadGEM2-ES 192 × 145 Met  Ofﬁce Hadley Centre, UK
4  IPSL-CM5A-LR 96 × 96 Institute Pierre-Simon Laplace, France
5  MPI-ESM-LR 192 × 96 Max  Planck Institute for Meteorology (MPI-M), Germany
China using mean absolute error (MAE) between the simulated and observed monthly mean tempera-
ture and precipitation (Fig. 4). They found MPI-ESM-LR and HadGEM2-ES perform well on reproducing
temperature while IPSL-CM5A-LR, HadGEM2-ES, CNRM-CM5 have higher skill in simulating precipi-
tation. EC-EARTH is close to CNRM-CM5 on the family tree, but it was  still selected as a complement
Fig. 4. Biases of simulated (a) monthly mean temperature (◦C) and (b) precipitation (mm)  expressed in mean absolute error
during the period of 1961–2005 for each calendar month and individual model (*Represents the model used in the study).
Source: Wang and Chen, 2014.
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Fig. 5. Schematic representation of all datasets used in this study and how they are used.
for the other four models already selected in the study, because EC-EARTH has been demonstrated
to have good performance in simulating annual temperature and precipitation on regional and
global scales (Bintanja et al., 2013; Hazeleger et al., 2012; Huang et al., 2014; Wang and Chen,
2014).
The Mann–Kendall test was used to detect trends in annual precipitation in the Pearl River basin,
but very few grids show signiﬁcant trends under all ﬁve selected GCMs. Our results about annual
precipitation trends are consistent with the works of Zhang et al. (2012) and Gemmer et al. (2004). For
the seasonal timescale, our ﬁndings are supported by Liu et al. (2009), who  found that the precipitation
of spring, summer, and winter increased, but autumn precipitation decreased during the period of
1961–2007. The coefﬁcient of variation (Cv) was calculated for all ﬁve GCMs. The values of three
models (CNRM-CM5, HadGEM2-ES, and MPI-ESM-LR) are 11% which is the same as the result of Chen
et al. (2005). The accumulated precipitation anomalies of the ensemble average of the ﬁve GCMs show
that the Pearl River basin has experienced cycles of wet and dry periods. After a period of abundant
rain in the 1970s, the basin entered a dry period in the 1980s. During the 1990s, the precipitation was
increasing (Ren, 2007).
The temperature, precipitation and snowfall of the ﬁve selected GCMs were bias corrected using the
method developed by Piani et al. (2010). The radiation and wind speed data series were bias corrected
with the method from Haddeland et al. (2012). The WATCH Forcing Data series (1960–1999) were
used as a reference for the bias correction. Fig. 5 shows all the meteorological datasets used in this
study and how they are used.
The observed discharge data for calibration and validation were obtained from the hydrologic year
books of the Pearl River. Eight gauge stations, Zhedong, Bajie, Wuxuan, Liuzhou, Guixian (another
name is Guigang), Gaoyao, Wuzhou, and Boluo, were selected for this study (Fig. 1).
3. Model calibration and validation
The VIC model is a semi-distributed macro-scale model characterized by heterogeneous vegetation
and multiple soil layers with non-linear base ﬂow and variable inﬁltration. VIC can be run in either a
water balance mode or a water-and-energy balance mode. It has been successfully applied in assessing
climate change impact on hydrological process at different spatial and temporal scales (Cherkauer and
Lettenmaier, 1999; Gao et al., 2010; Liang et al., 1999, 2003; Wood et al., 1992).
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Before using the model for future simulations, the VIC model was  calibrated. For this study, the VIC
model was calibrated using the WATCH Forcing Data (see Section 2.2), in combination with monthly
observed discharge data of eight stations in the Pearl River basin for the period of 1958–1985. Six
parameters were used for calibration: (1) binﬁlt is the parameter of variable inﬁltration curve and
ranges from 0 to 0.5. Higher value of binﬁlt can cause higher surface runoff. (2) Dsmax is the maximum
velocity of baseﬂow ranging from 0 to 30 mm/day. (3) Ds is the fraction of Dsmax where linear baseﬂow
ends, ranges from 0 to 1. Higher value will lead to higher water content in the third layer. (4) Ws is the
fraction of maximum soil moisture where non-linear baseﬂow occurs, ranges from 0 to 1. Higher value
of Ws tends to delay the peaks. (5) d2 and d3 are the thickness of layer 2 and 3, ranging from 0.2 to 2.5 m
in the Pearl River basin. The thickness of the soil layers can slow down seasonal peak ﬂows and increase
evapotranspiration. First these six parameters were subjected to a sensitivity analysis to understand
how variability in soil parameters affects discharge and baseﬂow. The parameters Ds, Ws, and Dsmax
were found to have negligible inﬂuence on discharge, and were eliminated to save computation
time.
After sensitivity analysis, the VIC model was  calibrated and evaluated automatically using monthly
observed discharge. Nash–Sutcliffe model efﬁciency coefﬁcient (E), correlation coefﬁcient (R), and
normalized root mean square deviation (NRMSD) were used in the calibration. The Nash–Sutcliffe
model efﬁciency coefﬁcient is an indicator widely used to evaluate the performance of hydrological
model. Its value ranges from −∞ to 1. A value of 1.0 indicates a perfect match between simulated and
observed discharge. It is calculated as:
(1)E = 1 −
∑T
t=1(Q
t
O
−Qtm)
2
∑T
t=1(Q
t
O
−Q¯O)
2 where Q0 is the observed discharge, the Qm is the simulated discharge and
the overbar denotes the average over the considered period.
Normalized root mean square deviation (NRMSD) indicates the standard deviation of the differ-
ences between simulations and observations. NRMSD is represented as a percentage, where lower
values refer to less residual variance (Lombard et al., 2009).
The equation of NRMSD is given as follow:
(2)NRMSD =
√∑N
t=1(Q
t
O
−Qtm)
2
/N
Qmax−Qmin
where Qmax is the maximum value of the observation, and Qmin is the minimum of the observa-
tion.
Two different methods were used to calibrate the VIC model. The ﬁrst one is based on Monte Carlo
method with Latin hypercube sampling (LHS) (McKay et al., 1979; Sieber and Uhlenbrook, 2005). The
range of each parameters (binfilt, d2 and d3) was divided into 4 intervals. Those intervals were set to
equal size. One value was chosen from each interval by Monte Carlo method, and then combined with
the other two parameters randomly. It took 576 model runs to obtain the optimal parameters. The
second method is to narrow down the ranges of the parameters ﬁrst. Actually this step has been done
in the sensitivity analysis. Then Monte Carlo method is applied to select the optimal parameters ran-
domly. The second method plus the sensitivity analysis for each sub-basin requires only half of the
runs of the ﬁrst method, and yields better results (Fig. 6). When considering Guixian, Liuzhou, Gaoyao,
Wuzhou, and Wuxuan, a signiﬁcant improvement (about 5%) of Nash–Sutcliffe model efﬁciency coef-
ﬁcient was found. In particular for Boluo, the Nash–Sutcliff model efﬁciency coefﬁcient increased by
74%.
The performance of the VIC model used in this study has been compared with other hydrological
models used in previous studies. As a matter of fact, all these models can produce good results in
simulating historical river discharge. Some models applied to smaller sub basin may  perform better
because of higher resolution (Lv et al., 2014).
After calibration, the VIC model was  evaluated by comparing with observed discharge data from
Gaoyao and Wuzhou stations for the period 2006–2010. The slightly reduced Nash–Sutcliff model
efﬁciency coefﬁcients of the two stations (Gaoyao: 0.10; Wuzhou: 0.08) for the validation period
indicate that the performance of VIC is fairly stable. In general, the discharge is overestimated by VIC
(Fig. 7). See Section 5 for further discuss of the overestimation.
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Fig. 6. Statistics for eight stations under two  calibration methods. The VIC model was forced by the WATCH forcing data
(1958–1985).
4. Projection of river discharge variation under future climate
4.1. Simulations of historic river discharge
Two methods were used to bias correct the output of ﬁve different CMIP5 models (see Section 2.2).
The WATCH Forcing Data (1960–1999) were used as a reference for the bias corrections. From Section
3, we know that the VIC model performed well in historic river discharge simulation forced by the
WATCH Forcing Data and WATCH Forcing Data ERA Interim. Therefore, to evaluate the performance
of bias corrections on climate model output, the historic discharges based on bias corrected output
of the ﬁve CMIP5 models were compared with those based on the WATCH Forcing Data and WATCH
Forcing Data ERA Interim. The results indicated that although the maximums of simulated discharge
are slightly different from the observations, the medians, quartiles, and minimums correspond well
with the simulated values based on WFD  and WFDEI (Fig. 8). The bias correction methods have proven
to be useful for adjusting climate model bias.
4.2. Climate change impacts on average and extreme river ﬂows
The changes in high, low and mean ﬂows for the period 2079–2099 relative to 1979–1999 were
calculated for all ﬁve GCM experiments under RCP4.5 and 8.5 scenarios (Fig. 9). The 95th percentile
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Fig. 7. Monthly time series for 2006–2010 and mean annual cycle of observed and simulated monthly river discharge for Gaoyao
and  Wuzhou station for the period 2006–2010. The stations are located in the midstream of the Pearl River. The Nash–Sutcliffe
model efﬁciency coefﬁcient (E), correlation coefﬁcient (R), and normalized root mean square deviation (NRMSD) are calculated
for  monthly series for 2006–2010.
Fig. 8. Simulated average annual discharge forced by the WATCH Forcing Data, the WATCH Forcing Data ERA Interim, and bias
corrected output of ﬁve different climate models for the period 1979–1999.
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Fig. 9. Mean projected changes in high ﬂow (Q95), low ﬂow (Q10) and mean ﬂow for 2079–2099 relative to 1979–1999 for the
Pearl River basin under two  RCP scenarios (model mean of ﬁve GCMs).
of the monthly discharge distribution (Q95) is an index of high ﬂow. For low ﬂow, we used the 10th
percentile of the discharge distribution (Q10). Both Q95 and Q10 are widely used ﬂow indices (Smakhtin,
2001; Tharme, 2003; van Vliet et al., 2013).
The differences between future climate scenarios will be discussed in Section 5.2. Here we focus
on mean values of the ﬁve CMIP5 models. Our results show that climate change is projected to have
a signiﬁcant impact on water availability in the Pearl River basin (Fig. 9). Low ﬂows are projected to
decrease throughout the Pearl River basin. All climate models indicate a reduction of low ﬂows. Lows
ﬂows were reducing more for RCP8.5 compared to RCP4.5. For RCP4.5, low ﬂows reduce between 6
and 48% depending on locations. For RCP8.5, the decreases of low ﬂows can reach up to 72%. Moderate
changes in mean ﬂows are found in the central basin (between −10 and 10%). In the upstream region,
mean ﬂows slightly reduce under RCP4.5 (up to 9%). For RCP8.5, the maximum reduction in mean ﬂow
is 24%. In the southern part of the basin, mean ﬂows are projected to increase, with similar patterns as
for changes in high ﬂows. High ﬂows are projected to decrease in the upstream region and to increase in
the midstream region under both RCP4.5 and 8.5 scenarios. In other words, the spatial patterns of river
discharge changes under RCP4.5 and 8.5 scenarios are very similar, only the magnitude is different.
The period of 2079–2099 is much drier for RCP8.5 compared to RCP4.5 relative to 1979–1999.
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Fig. 10. Mean annual cycle of projected changes in 30-day moving average of river discharge for selected stations in the Pearl
River  basin for 2079–2099 relative to 1979–1999.
4.3. Seasonal variations in river discharge under future climate change
Mean annual cycles of projected changes in river discharge were calculated for four selected stations
situated in different sub-basins (Fig. 10). The results show that the mean onset of the East Asian
Monsoon is delayed at all four stations under climate change. At Bajie station, discharge is projected
to decrease for most of the year. Only moderate increases are found in October and December under
RCP8.5 and November under RCP4.5. Similar temporal patterns have been detected for Liuzhou, Gaoyao
and Boluo station for RCP4.5 and 8.5 respectively. For RCP4.5, the discharge is projected to decrease
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from January to May, then to increase for the rest of the year except October. For RCP8.5, the period
of decreasing discharge lasts until July, and then two  downstream stations (Gaoyao and Boluo) have a
period of increasing discharge until the end of the year. Liuzhou station, located in the middle reaches
of the Pearl River, has an increasing period of about three months (August–October), then goes down
again. The results show that the wet season is likely to become wetter, and the dry season will become
drier in the middle and lower reaches of the Pearl River basin. For upstream stations, both the dry and
wet seasons are becoming drier.
5. Discussion
5.1. Model performance
Eight stations have been selected for analysing impacts of climate change on water availability in
the Pearl River basin. Simulated and observed discharges are considered to be satisfactorily matching
if the Nash–Sutcliffe index is higher than 0.6 (Bennis and Crobeddu, 2007). Three stations (Bajie,
Guixian and Boluo) have a Nash–Sutcliffe index slightly below 0.6 which indicates a relatively weak
performance of VIC for those stations. All three stations are located in the lower reaches of different
tributaries. Previous studies have shown that at downstream stations hydrological and land surface
models tend to overestimate river discharge. This is mainly due to anthropogenic water withdrawals,
such as agriculture, energy, manufacturing and domestic water use (e.g. van Vliet et al., 2012). Also in
the Pearl River water withdrawals could have caused a ﬂow reduction. These anthropogenic effects
on Pearl River discharge will be a subject of future study.
5.2. Scenarios uncertainty on river discharge simulation
For studies exploring climate change impact on river discharge, one of the main uncertainties
arises from the climate change models (Teng et al., 2012). The uncertainties are highly relevant to
the structure, parameterization and spatial resolution of corresponding GCMs. Using multiple models
forced by multiple scenarios would lead to a better understanding of the uncertainties in climate
models (Biemans et al., 2009). Therefore the VIC model was forced by bias corrected output of ﬁve
selected CMIP5 models (see Section 2.2) under two emission scenarios for the period 2079–2099 to
investigate the impacts of uncertainties resulting from climate models on river discharge simulations
(Fig. 11).
For the Pearl River basin the projected climate differs greatly depending on the climate model
used. When using the HadGEM2-ES model, the river discharge was generally very high due to the
large increase in precipitation (Fig A. 1). The HadGEM2-ES model is known to produce more extreme
scenarios due to its relatively high climate sensitivity (Fig. A. 2) (IPCC, 2013). For mean and high ﬂows,
the spatial patterns are quite similar for all the climate models except HadGEM2-ES. High and mean
ﬂows are projected to decrease for the upper reach, and to increase in the south and southeast of the
basin. Moderate changes in high and mean ﬂows are found in the midstream of the basin. Low ﬂows
are projected to decrease in the upper and lower reaches under all the scenarios including HadGEM2-
ES. Inconsistent low ﬂow changes were only found in the upstream of the Dongjiang River when the
EC-EARTH model was used for the simulation. To sum up, the GCM models are found to be relatively
robust when simulating low, high and mean ﬂows.
5.3. Impact of changes in river discharge on water resources
The VIC model was forced with bias corrected output of ﬁve different CMIP5 models (1960–2099)
to quantify the impact of climate change on water resources. Our results show that climate change
can affect timing and magnitude of high, low and mean ﬂows in the Pearl River basin. High ﬂows
are projected to increase in the downstream part of the basin. Relative increases in high ﬂows are
larger than projected increases in mean ﬂows. This is likely to increase ﬂood risks in the lower part of
the basin. Zhang et al. (2012) showed similar results in their study on the precipitation structure in
terms of annual total rain days, annual total precipitation amount, annual precipitation intensity and
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Fig. 11. Projected changes in low ﬂow (Q10), high ﬂow (Q95) and mean ﬂow for 2079–2099 relative to 1979–1999 for ﬁve
selected GCMs under RCP4.5.
annual mean precipitation days over the Pearl River basin. Liu et al. (2012) concluded that a substantial
increase in annual discharge and increasing trend in discharge during high ﬂow were detected using
output of three GCMs under A1B, A2 and B1 scenarios in the West River (Xijiang) basin. The results
are consistent with our ﬁndings under RCP4.5. However, for RCP8.5, high ﬂow is projected to decrease
in the upper reach and increase in the middle and lower reaches of the basin. Similar conclusions
were drawn recently by Xiao et al. (2013) for the West River, the Yujiang River, the Guijiang River,
Hongshuihe River, and the North River (Beijiang) using ﬁve different GCMs under RCP4.5. Only Wu
et al. (2014) yielded different conclusions; they found low likelihood of increasing treads in high ﬂow
under the RCP4.5 scenario in the North River. Decreases in annual average low ﬂows are projected for
the whole basin. This reduced water availability during dry periods is likely to have a negative impact
on water security in the basin.
Climate change is also projected to affect seasonal variations in river discharge. In the lower reaches
of the Pearl River basin, river discharge is increasing in the wet seasons and decreasing in the dry
seasons. The variation is likely to increase the ﬂood frequencies and aggravate drought stress. These
changes could especially have an impact on the Delta which is one of the leading economic regions and
a major manufacturing centre of China. Here, more ﬂoods and droughts could potentially have a major
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impact on the economy and society. The reduced ﬂow during the dry season could potentially increase
salt water intrusion in the delta. Especially as the increasing water consumption due to economic
development and population growth is likely to further reduce dry season ﬂows. In the upstream
part of the basin, river discharge is decreasing during both the dry and wet  seasons. Consistent low
ﬂows may  increase levels of water scarcity and climate change may  also reduce production of the
hydropower stations in the upstream of the Pearl River basin (e.g. Christensen et al., 2004; Schaeﬂi
et al., 2007).
6. Conclusion
Our simulation results show that climate change is likely to impact future ﬂows of the Pearl River.
Not only the average ﬂows are affected by climate change but also the extremes. In the downstream
part of the basin the high ﬂows are increasing and the low ﬂows are reducing. In the upstream part,
both the high and low ﬂows tend to decrease. Results clearly indicate that river ﬂows are becoming
more variable throughout the basin. There are substantial differences in results between the different
climate models, e.g. all the models point into the same direction in term of ﬂow changes with the
exception of HadGEM2-ES. This model shows much higher precipitation and thus runoff compared
to the other four GCMs. The main conclusion of our work is that dry seasons are projected to become
drier throughout the basin. Wet  seasons are projected to become drier in the upper reach and wetter
in the middle and lower reaches of the Pearl River basin. Uneven spatial and temporal distribution
of water resources may  aggravate water shortages as well as ﬂood events in the basin. Although
previous studies have focused on high ﬂow events, this study shows that, also for monsoon climate,
it is important to simulate both high and low discharge.
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